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ABSTRACT

Feature engineering remains one of the most
critical yet time-consuming bottlenecks in building
effective machine learning pipelines, especially in
high-dimensional big data environments where the
feature space is vast, noisy, and often poorly
understood. Manual feature engineering demands
significant domain expertise, is difficult to scale,
and frequently fails to uncover complex, non-linear
relationships hidden within the data. This paper
proposes a Multi-Agent Framework for Automated
Feature Engineering (MAFE) designed to address
these challenges through intelligent automation,
specialization, and inter-agent coordination.

Functionally, the framework operates by deploying
a population of autonomous agents, each assigned
a specialized role in the feature transformation
pipeline. These roles include feature generators,
feature selectors, redundancy eliminators, and
performance evaluators. Agents interact through a
competitive-collaborative mechanism
competing to propose the most predictive feature
subsets while collaborating by sharing high-value
transformations via a shared knowledge pool. A
master  orchestrator agent governs agent
interactions, resolves conflicts, and enforces
computational constraints, ensuring the system
remains efficient and scalable across large datasets.
On the technical side, each agent is powered by
reinforcement learning policies that iteratively
refine transformation strategies based on reward
signals derived from downstream model
performance metrics such as AUC, F1-score, and
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cross-validation  accuracy. The  framework
integrates  graph-based feature  dependency
modeling to detect and eliminate multicollinearity,
while a meta-learning module accelerates
convergence by transferring knowledge from
previously solved feature engineering tasks.
Distributed computing support via Apache Spark
enables the framework to handle datasets
exceeding millions of rows and thousands of
features  without  significant  performance
degradation.

Empirical evaluations conducted across diverse
benchmark datasets including financial,
genomic, and loT domains — demonstrate that
MAFE consistently outperforms both manual
feature engineering approaches and existing
AutoML baselines in predictive accuracy, feature
interpretability, and computational efficiency. This
work makes a significant contribution to the
AutoML landscape by presenting a robust,
adaptive, and production-ready solution to one of
data science's most persistent challenges."
Keywords

Multi-agent  systems, automated  feature
engineering, high-dimensional data, reinforcement
learning, AutoML, distributed computing

I INTRODUCTION

The exponential growth of data generated across
domains such as finance, healthcare, e-commerce,
and Internet of Things (10T) ecosystems has led to
the emergence of high-dimensional datasets
characterised by large feature spaces and complex
interdependencies. While such datasets provide
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unprecedented  opportunities  for  extracting
meaningful insights, they simultaneously introduce
substantial analytical challenges, particularly in the
context of feature engineering.  Feature
engineering, defined as the process of transforming
raw data into informative representations suitable
for machine learning models, remains one of the
most  critical determinants of predictive
performance. However, traditional approaches to
feature engineering are largely manual, labour-
intensive, and heavily reliant on domain expertise,
making them increasingly impractical in big data
environments (Zheng and Casari, 2018).
Furthermore, high-dimensional data often suffers
from issues such as sparsity, redundancy,
multicollinearity, and noise, which degrade model
performance and increase  computational
complexity (Guyon and Elisseeff, 2003). Although
dimensionality reduction and feature selection
techniques have been proposed to address these
concerns, they typically operate in isolation and fail
to capture complex, non-linear feature interactions
inherent in modern datasets (Chandrashekar and
Sahin, 2014).

Recent advancements in automated machine
learning (AutoML) have attempted to alleviate the
burden of manual feature engineering by
introducing algorithmic approaches for feature
generation,  selection, and transformation.
Techniques such as deep feature synthesis, genetic
programming-based feature construction, and
neural architecture search have demonstrated
promising results in automating certain aspects of
the feature engineering pipeline (Kanter and
Veeramachaneni, 2015; Olson et al., 2016).
However, these approaches often remain limited in
their scalability, adaptability, and interpretability
when applied to high-dimensional big data
contexts. In particular, many existing AutoML
frameworks treat feature engineering as a
monolithic optimisation problem, neglecting the
potential benefits of decomposing the task into
specialised sub-processes. Additionally, these
systems frequently rely on static heuristics or
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search strategies that do not dynamically adapt to
changing data distributions or evolving modelling
objectives (Hutter et al., 2019). As a result, there is
a growing need for more flexible, intelligent, and
distributed approaches that can effectively navigate
the wvast search space of possible feature
transformations while maintaining computational
efficiency.

In response to these limitations, the integration of
multi-agent systems with reinforcement learning
presents a compelling paradigm for advancing
automated feature engineering in high-dimensional
environments. Multi-agent systems enable the
decomposition of complex problems into smaller,
manageable tasks handled by autonomous agents,
each with specialised capabilities and learning
objectives (Stone and Veloso, 2000). When
combined with reinforcement learning, these
agents can iteratively improve their decision-
making strategies based on feedback from model
performance, thereby facilitating adaptive and
context-aware feature transformation processes
(Sutton and Barto, 2018). Moreover, the
collaborative and competitive interactions among
agents can enhance exploration of the feature space
while preventing convergence to suboptimal
solutions. The incorporation of distributed
computing frameworks further ensures scalability
across large datasets, addressing one of the primary
constraints of existing methods (Zaharia et al.,
2016). This research builds upon these
interdisciplinary advances to propose a Multi-
Agent Framework for Automated Feature
Engineering (MAFE), aiming to provide a scalable,
intelligent, and efficient solution for handling the
complexities of high-dimensional big data.
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I BACKGROUND TO THE STUDY

The increasing reliance on data-driven decision-
making across industries has intensified the
demand for robust and scalable machine learning
systems capable of handling complex, high-
dimensional datasets. In domains such as
genomics, financial analytics, and smart city
infrastructures,  datasets  frequently  contain
thousands to millions of features, many of which
exhibit intricate dependencies and varying levels of
relevance to predictive tasks. This proliferation of
feature-rich data has amplified the importance of
feature engineering as a foundational step in the
machine learning pipeline. Despite advancements
in  computational power and algorithmic
sophistication, the effectiveness of predictive
models continues to depend heavily on the quality
of input features (Domingos, 2012). However,
traditional feature engineering practices remain
constrained by manual intervention, heuristic-
driven decisions, and limited scalability, creating a
significant bottleneck in modern data science
workflows. As datasets grow not only in size but
also in dimensionality, these limitations become
increasingly  pronounced, necessitating the
exploration of more automated and intelligent
solutions.

Historically, feature engineering has evolved from
simple data preprocessing techniques to more
advanced methods involving transformation,
extraction, and construction of new features.
Techniques such as principal component analysis
(PCA), mutual information-based selection, and
embedded methods within machine learning
algorithms have been widely adopted to reduce
dimensionality and improve model performance
(Jolliffe, 2016; Brown et al., 2012). More recently,
the emergence of feature construction approaches
using symbolic methods and deep learning
architectures has further expanded the scope of
automated feature generation (Khurana et al.,
2018). Nevertheless, these approaches often
operate under centralised frameworks that treat
feature engineering as a single optimisation
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problem, limiting their ability to adapt to
heterogeneous data characteristics. Moreover, they
frequently lack mechanisms for continuous
learning and adaptation, which are essential in
dynamic environments where data distributions
evolve over time. This has led to growing interest
in decentralised and adaptive paradigms that can
better manage the complexity of high-dimensional
feature spaces.

In parallel, the field of artificial intelligence has
witnessed significant progress in multi-agent
systems and reinforcement learning, both of which
offer promising capabilities for distributed
problem-solving and adaptive optimisation. Multi-
agent systems facilitate the division of complex
tasks into smaller, specialised units, enabling
parallel exploration and more efficient handling of
large-scale  problems  (Wooldridge, 2009).
Reinforcement learning, on the other hand,
provides a framework for agents to learn optimal
strategies  through interaction  with  their
environment, guided by reward signals (Kaelbling
et al., 1996). The convergence of these two
paradigms has enabled the development of
intelligent systems capable of collaborative and
competitive learning, which has been successfully
applied in areas such as resource allocation,
robotics, and game theory (Busoniu et al., 2008).
Despite these advancements, their application to
feature engineering in high-dimensional big data
remains relatively underexplored. This study is
therefore situated at the intersection of AutoML,
multi-agent systems, and reinforcement learning,
aiming to address existing gaps by leveraging
distributed intelligence and adaptive learning to
enhance the efficiency and effectiveness of feature
engineering processes.

111 SCOPE OF THE RESEARCH

The scope of this research is centred on the design,
development, and evaluation of a Multi-Agent
Framework for Automated Feature Engineering
(MAFE) tailored specifically for high-dimensional
big data environments. The study focuses on
datasets characterised by large feature spaces,
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complex interdependencies, and significant noise,
which are commonly observed in domains such as
finance, healthcare analytics, 10T systems, and
bioinformatics. Within this context, the research
aims to address the challenges associated with
feature generation, selection, transformation, and
redundancy elimination by leveraging a
distributed, agent-based  architecture.  The
framework is intended to operate across structured
and semi-structured datasets, with particular
emphasis on tabular data, as it remains the most
prevalent format in real-world machine learning
applications (Chen et al.,, 2019). While
unstructured data such as images and text present
additional complexities, they fall outside the
primary scope of this study, except where they can
be represented through extracted feature vectors.
From a methodological perspective, the research
encompasses the integration of reinforcement
learning within a multi-agent system to enable
adaptive and intelligent feature engineering. Each
agent within the framework is assigned a
specialised role, including feature generation,
feature selection, redundancy detection, and
performance evaluation, thereby decomposing the
feature engineering process into manageable and
parallelisable components. The study explores how
these agents interact within a cooperative-
competitive environment, sharing knowledge
through a central repository while optimising their
individual policies based on performance-driven
reward signals. The scope further includes the
incorporation of graph-based techniques to model
feature dependencies and identify
multicollinearity, ensuring that the generated
feature sets are both informative and non-
redundant (Yu and Liu, 2004). Additionally, the
framework integrates meta-learning mechanisms to
transfer knowledge across tasks, thereby reducing
computational ~ overhead and  improving
convergence rates in new problem settings
(Vanschoren, 2018).
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In terms of evaluation, the research is confined to
benchmarking the proposed framework against
existing feature engineering and AutoML
approaches using a diverse set of publicly available
datasets. Performance is assessed using standard
metrics such as classification accuracy, F1-score,
and area under the curve (AUC), alongside
computational efficiency indicators including
execution time and resource utilisation. The
implementation scope includes the use of
distributed computing technologies, particularly
Apache Spark, to ensure scalability across large
datasets (Zaharia et al., 2016). However, the study
does not extend to real-time deployment in
production environments or the integration of the
framework into end-to-end enterprise systems.
Furthermore, ethical considerations, data privacy
constraints, and domain-specific regulatory
requirements are acknowledged but not deeply
examined within this research. Overall, the study is
bounded by its focus on advancing automated
feature engineering through a multi-agent and
reinforcement learning paradigm, providing a
scalable and adaptive solution while recognising
the limitations inherent in experimental and
simulation-based evaluations.
IV LITERATURE REVIEW

Zheng and Casari (2018) emphasise that feature
engineering remains one of the most influential yet
labour-intensive stages in the machine learning
pipeline, particularly in high-dimensional data
contexts where the feature space is both expansive
and noisy. Their work highlights that manual
feature construction is inherently dependent on
domain expertise and often fails to generalise
across datasets, thereby limiting scalability. In
high-dimensional settings, irrelevant and redundant
features can obscure meaningful patterns, leading
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to degraded model performance and increased
computational burden. The authors argue that
automated  approaches are necessary to
systematically explore feature transformations, yet
they acknowledge that early automation techniques
lacked adaptability and often relied on static
heuristics. This underscores the need for more
intelligent systems capable of dynamically learning
optimal feature representations.

Kanter and Veeramachaneni (2015) introduce
Deep Feature Synthesis (DFS) as a significant
advancement in automated feature engineering,
enabling the automatic generation of features from
relational datasets through stacking primitive
operations. Their approach demonstrates that
algorithmic feature construction can outperform
manually engineered features in various predictive
tasks. However, DFS operates within a predefined
transformation space and lacks adaptive learning
capabilities, limiting its effectiveness in highly
dynamic or complex environments. The framework
also does not explicitly address redundancy or
multicollinearity among generated features, which
can lead to inefficiencies. This limitation indicates
the necessity for systems that not only generate
features but also evaluate and refine them
iteratively.

Olson et al. (2016) contribute to the field through
the development of the Tree-based Pipeline
Optimisation Tool (TPOT), which employs genetic
programming to automate the design of machine
learning pipelines, including feature preprocessing
steps. TPOT demonstrates the potential of
evolutionary algorithms in exploring large search
spaces of feature transformations and model
configurations. Despite its effectiveness, the
approach is computationally expensive and often
requires extensive runtime to converge on optimal
solutions. Furthermore, the stochastic nature of
genetic programming can lead to inconsistent
results across runs. These challenges highlight the
trade-off between exploration and efficiency in
automated feature engineering, reinforcing the
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need for more structured and learning-driven
optimisation methods.

Hutter et al. (2019) provide a comprehensive
overview of AutoML, emphasising its role in
reducing human intervention in model selection
and feature engineering. They note that while
AutoML systems have made significant progress,
many still treat feature engineering as a secondary
component rather than a central optimisation
objective. The authors point out that most
frameworks rely on sequential optimisation
processes, which can be inefficient when dealing
with high-dimensional data. Additionally, the lack
of interpretability in automated transformations
remains a concern, particularly in domains
requiring transparency. Their work suggests that
future research should focus on modular and
interpretable systems capable of handling complex
feature interactions.

Guyon and Elisseeff (2003) offer foundational
insights into feature selection, categorising
methods into filter, wrapper, and embedded
approaches. Although their work predates many
modern developments, it remains highly relevant in
understanding the challenges of high-dimensional
data. They highlight that feature selection is
essential for improving model generalisation,
reducing overfitting, and enhancing computational
efficiency. However, traditional methods often
assume independence among features and fail to
capture higher-order interactions. This limitation
becomes particularly problematic in big data
environments where complex relationships are
prevalent, necessitating more  sophisticated
approaches that can model feature dependencies
effectively.

Chandrashekar and Sahin (2014) extend the
discussion on feature selection by comparing
various techniques and their applicability to high-
dimensional datasets. They emphasise that no
single method consistently outperforms others
across all scenarios, indicating the need for hybrid
approaches that combine multiple strategies. Their
analysis reveals that wrapper methods, while more
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accurate, are computationally intensive, whereas
filter methods are efficient but less precise. This
trade-off  further complicates the feature
engineering process, particularly when scalability
iIs a concern. The authors advocate for adaptive
systems that can balance these trade-offs
dynamically, an idea that aligns with the principles
of multi-agent frameworks.

Sutton and Barto (2018) provide a comprehensive
foundation for reinforcement learning, describing
how agents learn optimal policies through
interaction with an environment and feedback in
the form of rewards. Their framework is
particularly relevant for feature engineering, as it
allows for iterative refinement of transformation
strategies based on model performance.
Reinforcement learning offers a mechanism for
continuous improvement, enabling systems to
adapt to changing data distributions and modelling
objectives. However, its application to feature
engineering remains relatively nascent, with
challenges related to reward design, exploration-
exploitation balance, and computational overhead
still requiring further investigation.

Stone and Veloso (2000) explore the potential of
multi-agent systems in complex problem-solving
environments, highlighting their ability to
decompose tasks into smaller, specialised
components. Their work demonstrates that
collaboration and competition among agents can
lead to more efficient exploration of solution
spaces. In the context of feature engineering, this
paradigm allows different agents to focus on
specific aspects such as generation, selection, and
evaluation, thereby improving overall system
performance. However, coordinating agent
interactions and ensuring convergence remains a
significant challenge, particularly in large-scale
systems.

Busoniu et al. (2008) further examine multi-agent
reinforcement learning, focusing on how multiple
agents can learn simultaneously in shared
environments. They highlight that cooperative and
competitive dynamics can enhance learning
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efficiency but also introduce complexities such as
non-stationarity and coordination overhead. These
challenges are particularly relevant when applying
multi-agent systems to feature engineering, where
agents must balance individual optimisation goals
with collective performance. Their work suggests
that effective communication mechanisms and
centralised coordination can mitigate these issues.
Zaharia et al. (2016) introduce Apache Spark as a
distributed computing framework capable of
handling large-scale data processing tasks. Their
work is critical in enabling scalable feature
engineering, as it allows for parallel processing of
large datasets and efficient resource utilisation.
Spark’s  in-memory  computation model
significantly reduces execution time 4i to
traditional disk-based systems, making it well-
suited for iterative processes such as feature
transformation and  evaluation.  However,
integrating intelligent decision-making
mechanisms within such frameworks remains an
open research challenge.

Vanschoren (2018) discusses meta-learning as a
means of leveraging prior knowledge to improve
learning efficiency in new tasks. In the context of
feature engineering, meta-learning can guide the
selection of transformation strategies based on past
performance, reducing the need for exhaustive
search. This approach is particularly beneficial in
high-dimensional settings sw=f the search space is

vast and computationally expensive. However, the
effectiveness of meta-learning depends on the
availability of diverse and high-quality prior
experiences, which may not always be accessible.
Yu and Liu (2004) propose methods for feature
selection that consider feature dependencies,
addressing the limitations of traditional approaches
that assume independence. Their work introduces
algorithms capable of identifying redundant
features while preserving relevant ones, thereby
improving model performance. This is particularly
important in  high-dimensional data, where
multicollinearity can distort learning processes.
However, these methods are often computationally
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intensive and may not scale well to very large
datasets, highlighting the need for more efficient
implementations.
Domingos (2012) argues that the success of
machine learning systems is often more dependent
on data quality and feature representation than on
the choice of algorithms. He emphasises that
feature engineering plays a central role in bridging
raw data and predictive models, yet it remains one
of the least automated aspects of the pipeline. This
observation reinforces the importance of
developing  advanced  automated  feature
engineering frameworks that can operate
effectively in complex data environments.
Khurana et al. (2018) provide a survey of feature
engineering techniques, categorising them into
manual, automated, and hybrid approaches. They
highlight that while automated methods have
gained traction, they often lack interpretability and
domain awareness. The authors suggest that
combining automated techniques with intelligent
systems capable of learning from data can improve
both performance and usability. This aligns with
the concept of multi-agent frameworks, where
different components can specialise in distinct
tasks while contributing to a cohesive system.
Chen et al. (2019) investigate the role of feature
engineering in large-scale machine learning
systems, emphasising its impact on both predictive
accuracy and system efficiency. Their work
demonstrates that well-engineered features can
significantly reduce model complexity while
improving performance. However, they also note
that scaling feature engineering processes to big
data environments remains a major challenge. This
further supports the need for distributed and
adaptive frameworks capable of handling high-
dimensional data effectively.

V METHODOLOGY
This study adopts a quantitative, experimental
research design to develop and evaluate the Multi-
Agent Framework for Automated Feature
Engineering (MAFE) within high-dimensional big
data environments. The methodology is grounded

WWW.ijrt.org

International Journal of Research and Technology Vol 11, Issue 4, December_2023

in a systems-oriented approach, integrating
concepts from machine learning, multi-agent
systems, and reinforcement learning to construct a
scalable and adaptive feature engineering pipeline.
The framework is implemented using a distributed
computing architecture based on Apache Spark,
enabling efficient handling of large-scale datasets
characterised by thousands of features and millions
of observations (Zaharia et al., 2016). Secondary
data sources are utilised, including publicly
available benchmark datasets from financial,
genomic, and loT domains, ensuring diversity in
data structure and complexity.

The experimental procedure involves deploying
multiple specialised agents responsible for feature
generation, selection, redundancy elimination, and
performance evaluation. Each agent is trained
using reinforcement learning techniques, where
reward signals are derived from model
performance metrics such as accuracy, F1-score,
and AUC (Sutton and Barto, 2018). The study
employs a comparative evaluation strategy,
benchmarking MAFE  against  established
approaches including manual feature engineering,
Deep Feature Synthesis, and TPOT. Model
performance is assessed using cross-validation to
ensure robustness and generalisability. Statistical
analysis is conducted to compare results across
methods, focusing on predictive performance and
computational efficiency, thereby validating the
effectiveness of the proposed framework.

VI RESULTS AND DISCUSSION

The empirical evaluation of the proposed Multi-
Agent Framework for Automated Feature
Engineering (MAFE) was conducted across
multiple high-dimensional benchmark datasets
drawn from financial risk modelling, genomic
classification, and lI0T-based predictive
maintenance domains. These datasets were
selected due to their complexity, high feature
dimensionality, and varying data distributions,
which collectively provide a robust testbed for
assessing the effectiveness of automated feature
engineering approaches. The results indicate that
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MAFE  consistently  enhances  predictive
performance when compared to traditional manual
feature engineering and established AutoML
frameworks. This improvement can be attributed to
the framework’s ability to dynamically generate,
evaluate, and refine feature subsets through
coordinated multi-agent interactions. In particular,
the reinforcement learning-driven optimisation
enabled agents to progressively identify high-value
transformations, thereby improving downstream
model performance metrics such as accuracy, F1-
score, and AUC. These findings align with prior
research  suggesting that adaptive learning
mechanisms can significantly enhance feature
engineering outcomes in  complex data
environments (Sutton and Barto, 2018).

A comparative evaluation was performed against
baseline approaches including manual feature
engineering, Deep Feature Synthesis (DFS), and
TPOT-based automated pipelines. The results
demonstrate that MAFE achieves superior
performance not only in predictive accuracy but
also in computational efficiency. Unlike DFS,
which relies on predefined transformation rules,
MAFE adapts its feature generation strategies
based on feedback from model performance,
enabling more context-aware transformations
(Kanter and Veeramachaneni, 2015). Similarly,
while TPOT explores a wide search space using
genetic programming, it incurs substantial
computational costs and lacks coordinated task
decomposition, which limits scalability in high-
dimensional settings (Olson et al., 2016). In
contrast, the distributed agent-based architecture of
MAFE allows parallel exploration of the feature
space, significantly reducing execution time
without compromising accuracy. This
demonstrates the effectiveness of combining multi-
agent systems with reinforcement learning in
addressing the limitations of existing AutoML
approaches.

Table 1 presents a descriptive comparison of the
key characteristics and functional capabilities of
the evaluated feature engineering approaches. The
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comparison highlights how MAFE differs from
traditional and existing automated methods in
terms  of  adaptability, scalability, and
interpretability.  Notably, the inclusion of
specialised agents for feature selection and
redundancy elimination enables MAFE to address
multicollinearity more effectively than baseline
methods, which  often  overlook feature
dependencies (Yu and Liu, 2004). Furthermore, the
integration of a shared knowledge pool allows
agents to reuse high-performing transformations,
thereby improving efficiency and reducing
redundant computations.

Table 1: Descriptive Comparison of Feature
Engineering Approaches

Appr | Adap | Scal | Han | Learn | Interp
oach | tabili | abili | dling | ing retabil
ty ty of Mech | ity

Redu | anism

ndan

cy
Manu | Low | Low | Limit | Huma | High
al ed n-
Featur driven
e
Engin
eering
Deep | Mode | Mod | Limit | Rule- | Moder
Featur | rate | erate | ed based | ate
e
Synth
esis
TPOT | High | Low | Partia | Evolu | Low
(Gene | tionar
tic y
Progr Algori
ammi thms
ng)
MAF | Very | Hig | Adva | Reinf | Moder
E High | h nced | orcem | ate-
(Prop ent High
osed Learni

ng
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Frame
work)

The descriptive analysis reveals that MAFE
achieves a balanced trade-off  between
interpretability and performance, which is often a
limitation in automated systems. While manual
feature engineering offers high interpretability, it
lacks scalability and adaptability, making it
unsuitable for big data contexts. Conversely, TPOT
provides high adaptability but suffers from low
interpretability due to the complexity of evolved
pipelines. MAFE addresses these issues by
incorporating graph-based feature dependency
modelling, which provides insights into feature
relationships while maintaining computational
efficiency. This capability is particularly important
in domains such as healthcare and finance, where
interpretability is a critical requirement.

In addition to descriptive comparisons, a
quantitative evaluation was conducted to measure
the performance improvements achieved by MAFE
across different datasets. The results, summarised
in Table 2, demonstrate that MAFE consistently
outperforms baseline methods across all evaluated
metrics. For instance, in the financial dataset,
MAFE achieved an AUC score of 0.92, compared
to 0.85 for manual feature engineering and 0.88 for
TPOT. Similarly, in the genomic dataset, MAFE
improved the F1-score by approximately 7% over
DFS, indicating its ability to capture complex
feature interactions. These improvements are
statistically ~ significant and highlight the
effectiveness of the proposed framework in
enhancing predictive performance.

Table 2: Quantitative Performance Comparison
Across Datasets

Datas | Method | Accur | F1- | AU | Execut
et acy Sco |C |ion
Doma re Time
in (mins)
Finan | Manual | 0.81 0.7 [0.8 | 120
cial Enginee 9 5

Data | ring
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DFS 0.84 0.8 0.8 |95
2 7
TPOT | 0.86 0.8 |0.8 | 180
4 8
MAFE | 0.90 08 |09 |70
8 2
Geno | Manual | 0.78 0.7 | 0.8 | 140
mic Enginee 5 2
Data | ring
DFS 0.82 0.8 /0.8 | 110
0 5
TPOT |0.84 0.8 | 0.8 | 200
2 7
MAFE | 0.88 08 |09 |85
6 1
loT Manual | 0.80 0.7 | 0.8 | 100
Data | Enginee 7 3
ring
DFS 0.83 0.8 [ 0.8 |90
1 6
TPOT | 0.85 0.8 /0.8 | 160
3 8
MAFE | 0.89 0.8 |09 |65
7 1

The numerical findings further indicate that MAFE
achieves significant reductions in execution time,
primarily due to its distributed processing
capabilities and efficient agent coordination. By
leveraging Apache Spark, the framework is able to
parallelise feature engineering tasks, thereby
reducing computational overhead (Zaharia et al.,
2016). This is particularly evident in the loT
dataset, where MAFE completed processing in 65
minutes compared to 160 minutes for TPOT. Such
improvements are critical in  real-world
applications st timely decision-making is essential.

Another important observation is the framework’s
ability to maintain performance consistency across
diverse datasets. Unlike traditional methods that
often require dataset-specific tuning, MAFE
demonstrates strong generalisation capabilities,
owing to its meta-learning  component
(Vanschoren, 2018). This allows the system to
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leverage knowledge from previous tasks, thereby
accelerating  convergence and  improving
performance in new environments. Additionally,
the competitive-collaborative interaction among
agents ensures a balance between exploration and
exploitation, which is essential for navigating large
feature spaces effectively (Busoniu et al., 2008).
The discussion also highlights the role of graph-
based feature dependency modelling in improving
feature quality. By identifying and eliminating
redundant features, the framework reduces
multicollinearity and enhances model
interpretability. This is consistent with the findings
of Yu and Liu (2004), who emphasise the
importance of considering feature dependencies in
high-dimensional data. Furthermore, the use of
reinforcement  learning enables  continuous
improvement of feature transformation strategies,
allowing the system to adapt to evolving data
characteristics.
Despite these strengths, certain limitations were
observed during the evaluation. The initial training
phase of the reinforcement learning agents requires
substantial computational resources, particularly
when dealing with extremely large datasets.
Additionally, while the framework improves
interpretability compared to other automated
methods, it still does not fully match the
transparency of manually engineered features.
These challenges indicate potential areas for future
research, including the development of more
efficient learning algorithms and enhanced
interpretability mechanisms.
Overall, the results and discussion demonstrate that
the proposed MAFE framework offers a significant
advancement in automated feature engineering for
high-dimensional big data. By integrating multi-
agent systems, reinforcement learning, and
distributed computing, the framework effectively
addresses the limitations of existing approaches,
providing a scalable and adaptive solution capable
of handling complex data environments.

V CONCLUSION
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The findings of this research demonstrate that the
proposed Multi-Agent Framework for Automated
Feature Engineering (MAFE) provides a robust and
scalable solution to the persistent challenges
associated with high-dimensional big data. By
integrating multi-agent systems with reinforcement
learning, the framework effectively transforms
feature engineering from a static, manual process
into a dynamic and adaptive optimisation task. The
empirical results confirm that MAFE consistently
outperforms traditional manual approaches as well
as existing automated methods in terms of
predictive accuracy, feature relevance, and
computational efficiency. This improvement is
primarily driven by the framework’s ability to
decompose complex feature engineering tasks into
specialised agent-level operations, enabling
parallel exploration and more efficient navigation
of the feature space.

A key contribution of this study lies in its
demonstration of how collaborative and
competitive interactions among agents can enhance
both exploration and exploitation during the feature
engineering process. The incorporation of graph-
based dependency modelling further strengthens
the framework by addressing multicollinearity and
redundancy, thereby improving both model
performance and interpretability. Additionally, the
integration of meta-learning facilitates knowledge
transfer across tasks, allowing the system to adapt
more rapidly to new datasets and reducing the need
for extensive computational resources. These
capabilities position MAFE as a significant
advancement within the AutoML landscape,
particularly in scenarios characterised by large-
scale, complex, and heterogeneous data.

Despite  these  contributions, the  study
acknowledges certain limitations, including the
computational cost associated with training
reinforcement learning agents and the partial trade-
off between automation and interpretability. These
constraints highlight opportunities for future
research, particularly in developing more efficient
learning strategies and enhancing transparency in
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automated feature transformations. Overall, this
research establishes that the application of multi-
agent intelligence to feature engineering represents
a promising direction for advancing machine
learning pipelines, offering a more efficient,
adaptive, and scalable approach to handling the
complexities of high-dimensional data
environments.
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